-Introduction: Aging is a complex biological process that brings about a gradual decline of physiological and metabolic machineries as a result of maturity. Also, aging is irreversible and leads ultimately to death in biological organisms. Methods: We intend to characterize aging at the gene expression level using publicly available human gene expression arrays obtained from gene expression omnibus (GEO) and ArrayExpress. Candidate genes were identified by rigorous screening using filtered data sets, i.e., GSE11882, GSE47881, and GSE32719. Using Aroma and Limma packages, we selected the top 200 genes showing up and down regulation (p < 0.05 and fold change >2.5) out of which 185 were chosen for further comparative analysis. Results: This investigation enabled identification of candidate genes involved in aging that are associated with several signaling cascades demonstrating strong correlation with ATP binding and protease functions. Conclusion: A majority of these gene encoded proteins function extracellularly, and also provide insights into the immunopathological basis of aging.
Introduction
Aging is a complex biological process (BP) that is incremental with the passage of time. It is a timedependent, non-reversible, and sequential deterioration of a mature organism. The process decreases an organism's ability to cope with environmental stress and increases the probability of death. Further, it involves exponential increase in mortality rate, broad range of physiological changes and increased susceptibility to disease that ultimately leads to death [1] . Thus, aging is defined as an association of structural and functional decline over the course of time [2] . These functional changes may also be susceptive for a number of diseases with the passage of time [3] . The result of complex interaction of environmental, genetic, epigenetic and environmental factors have an impact on survival [4] . Out of 300+ aging theories, a few notable ones are based on genetics, immune, telomere, mitochondria, and free radicals [5] . To date, several hundred genes have been associated with aging.
To identify the causes of both cellular and tissue aging is challenging. Cellular imbalance due to DNA damage is affected by alteration in global gene expression profiles [6] . Gradual loss of normal structure and function of myofibers and neurons with passage of time is chronological aging. Further, mutations in DNA and telomere shortening during cell division may lead to replicative aging in skin and stomach [7] . During the lifespan of an individual, divisions of adult stem cells occur which are a part of the replicative and chronological aging process [8] . As the number of mutations increase with age, so does the likelihood that a cell will undergo abnormal apoptosis and proliferation, premature senescence, and will become cancerous [9] . Currently, however, the role of transcriptional regulation of gene expression in aging is unknown.
Over several decades, aging in humans has been studied using gene expression microarrays to gather insights into the biology of aging [10] . Primary microarray data archived in the public repositories and availability of improved statistical methods provide an opportunity for prediction of aging and its mechanisms [11] . Clustering analysis has been performed to provide insights on genes having similar patterns of expression by using differential gene expression methods. Mostly, kyoto encyclopedia of genes and genomes (KEGG) [12] , WEB-based Gene SeT AnaLysis Toolkit (WebGESTALT) [13] and several others databases are used for pathway enrichment analysis and to provide insights into BPs. Such resources are useful for biologists who need to analyze and interpret the complex microarray data. Molecular signatures can be identified by enhancing the signal-to-noise ratio, by comparing expression profiles across platforms, and by eliminating biases of individual species [14] . Microarray meta-analysis refers to gathering large amounts of data from multiple sources such as published articles, and pooling them to solve research problems. Meta-analysis of gene expression allows integration of multiple microarray studies and helps to determine a conserved genetic signature [15] .
Microarray and meta-analysis studies in humans have been conducted by comparing various samples across an individual's lifespan [16] or by comparing old and young tissues [17] . These studies help us to understand the complex process of aging and, importantly, allow identification genes that are biomarkers of aging. For instance, the gene expression database of aging, Gene Aging Nexus (GAN), stores a huge volume of gene expression data form aging studies [18] . During aging gene dataset analysis, differential gene expression of some genes occurs and there are few shared genes across different tissues [19] and species [20] . The critical challenge is to identify how these genes are related to pathological, biochemical, and physiological changes associated with age. These advanced methods would allow researchers to pursue primary functional genomic data analysis derived from human tissues without sacrificing much time, resources, and administrative efforts in the generation of results for finding therapeutic targets and biomarkers of interest for a given disease.
We used a meta-analysis approach by pooling data from public microarray data archives, including the NCBI GEO [21] and ArrayExpress [22] , and this allowed us a free access to experimentally obtained data. Herein, we developed a simple workflow to compare age-related differential gene expression data from humans using R package and Limma algorithm. The objective of this study was to identify a set of candidate genes involved in aging and its progression by a microarray meta-analysis approach. We interpret our results in the context of established physiological and biochemical pathways that show age-related alterations.
Materials and methods

Data selection and preprocessing
The NCBI GEO and the ArrayExpress microarray databases were used to search for gene expression datasets by using several keywords (and combinations thereof) "age and brain", "age and skin", "age and mitochondria", "age and energy", "age and development", and "age and muscle". We focused on humans only, and the datasets for meta-analysis were retrieved from the NCBI GEO DB. We followed an approach for data selection to study the selected data for this meta-analysis and several R-packages to reduce differences among them. PubMed literature database was used and Affymetrix raw data files (.CEL files) were directly downloaded from the GEO DB. We downloaded the gene expression data set's .CEL files: GSE11882 [23] , GSE47881 [24] and GSE 32719 [25] , which were all acquired using the GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 plus 2.0 array platform and were published from 2008 to 2013. We carefully examined the datasets and followed data selection guidelines as summarized (Fig. 1) . Three individual studies having a total of 245 arrays (.CEL files) in normal conditions were selected for further analysis. The data were classified as belonging to young (<30 yrs) and aged (>30 yrs) human beings. There are known earlier studies where such categorization of age groups have been performed, i.e., >40 and <40 yrs [26] , >20 and <20 yrs [16, 27, 28] as arbitrary cut-off points to average the biological changes as pre-and post-natal developmental age to labeling the groups as early and middle adulthood. All 245 arrays were first assessed by the Aroma package (Supplementary Information) [29] for background correction. Data quality was assessed using simpleaffy and affyPLM packages in Bioconductor following standard procedures in R and Aroma to determine normalized unscaled standard errors (NUSE) and relative log expression (RLE) plots [30] ( Fig. 2A and B) . Aroma quantile normalization plot (Fig. 2C) and also using SPIA package we deduced pathways linked to aging (Fig. 2D ).
Screening of differentially expressed genes
The selected datasets helped us to assess combined gene expression changes related to aging. All control experimental array files (245 .CEL files) selected for analysis indicated that 55 were of young age (<30 yrs of age) and 190 were from old age (>30 yrs of age) human datasets. All these data sets were processed through quality control (QC) assessment ( Fig. 2A and B) . We used the Limma package to identify the differentially expressed gene profiles by assigning sample age groups [31] . False discovery rates (FDR) [32] were used for corrections during multiple comparisons (Supplementary Information).
We combined preprocessed data separately for each category using a direct data integration process. For the differential expression analysis, we grouped data as young (<30 yrs) and aged (>30 yrs) categories. By combining significantly and differentially expressed genes, we annotated and summarized the functionality of these genes. Multiple probe-sets issues, multiple testing corrections, and duplicate genes were removed using Aroma. The identification of the top 200 differentially expressed genes was done using Limma package (Supplementary Tab. S1). Finally, all 185 protein-coding genes were retained and 15 uncharacterized genes, i.e., annotated as unknown, were manually removed from the list.
Annotation of differentially expressed genes
All characterized genes were carefully studied and additional components like the Enzyme Commission (EC) number [33] , Universal Protein resource (UniProt) IDs [34] , and physical properties of gene-encoded proteins, cellular localization, protein domain, protein family, and protein superfamily information were obtained. Using NCBI, all corresponding protein sequences were downloaded while protein localization, Gene Ontology (GO), and annotation types were derived using Loctree3 [35] (Supplementary Tab. S2).
Visual gene network construction and expansion
We divided these 185 genes into two groups as enzyme and non-enzyme encoding genes. To obtain the protein-protein interaction (PPI) networks of differentially expressed enzymatic and non-enzymatic geneencoded proteins, we constructed a PPI network of aging using the functionalities of Cytoscape version 2.8.0 [36] , through BisoGenet version 1.41 plugin, and used the identified proteins and genes as bait nodes and added further edges. Using label nodes as bait proteins, we expanded the network and included some unlabeled nodes/proteins as a part of network expansion. We performed a theoretical interactome analysis for all 152 non-enzymatic and 33 enzymatic proteins. We discovered that the hub genes had a maximum interacting partner both for enzymatic and non-enzymatic genes. To find out conserved domains, we performed analysis for these genes using NCBI's batch CDD analysis for all proteins while the localization of these proteins were inferred using Loctree3 [35] .
GO enrichment analysis
Using functional annotation cluster analysis on the list of differentially expressed gene-encoded proteins using DAVID [37] , the GO analysis for BP, cellular component (CC), and molecular function (MF) was employed to categorize the enriched biological themes for the list [38] . We decided to use standard false discovery rate (FDR) cut-off values for data analysis [39, 40] . Only GO terms that contained more than four genes with a FDR value <0.02 cut-off were chosen for non-enzymatic gene analysis (Fig. 3A , Supplementary Tab. S3). Similar functional analysis was done for the enzyme coding genes using DAVID's default parameters (Supplementary Tab. S4). For GO term enrichment, only those with more than two genes with a FDR value <0.02 cut off were chosen for analysis (Supplementary Tab. S5).
Functional enrichment analyses of all 185 genes were also performed using ToppFun available in the ToppGene suite [41] . Over-representation of genes were submitted and analyzed as GO categories (CC, MF, BP), gene family, and having a particular protein domain (Pfam, PSSM, CD, etc.) (Supplementary Tab. S6). We used categories comprising greater than 3 and fewer than 1500 genes for greater sensitivity (p-value < 0.05).
Enrichment analysis of KEGG biological pathways
To gain critical biological insights into the pathwaylevel regulation of aging, we used Limma and DAVID to perform KEGG pathway cluster analysis of the differentially expressed genes. To determine changes in pathways related to aging, we only chose pathway terms that contained more than two genes for all 185 differentially expressed genes for both non-enzymatic and enzymatic protein coding genes (Supplementary Tab. S7). Similarly, KEGG pathway inferences from DAVID analysis were obtained for non-enzymatic genes (Supplementary Tab. S8). Furthermore, we associated the top 20 pathways derived by using R-based Bioconductor SPIA package (Supplementary Tab. S9).
Results
Data selection, preprocessing, and integration and Aroma analysis
Microarray data repositories are publicly available and an extensive search of these repositories revealed that there is a large number of datasets available involving human aging and from several human organs. Goals of these studies were diverse and included different test conditions, tissue types, and subjects. Analysis of statistical and functional annotation of microarray data can be done using several methods [42] . The data sets used in this study were obtained from public microarray data repositories, i.e., NCBI GEO and ArrayExpress where microarray data are available and associated with aging. A detailed review of the resulting literature articles revealed that the studies included various age-specific samples. After careful examination of these datasets and following suitable data selection guidelines ( Fig. 1 ), we identified 3 individual studies consisting of a total of 245 arrays. However, we could not affirm if the data sets belonged to any specific gender, i.e., male or females. Following quality assessment, we used the Aroma package (Supplementary Information) and the quantile normalization (QN) data as shown ( Fig. 2A-C) . We used signaling pathway impact analysis (SPIA) package, which uses the information from a list of differentially expressed genes and identify the pathways most relevant to a condition under the study. Using this SPIA package we obtained a set of 245 resultant pathways ( Fig. 2D ) and we also obtained the top 20 associated pathways [43] (Supplementary Tab. S9).
Screening of differentially expressed genes
We obtained 200 differentially expressed genes (log FC>2.5 and p < 0.05 as cut-offs) between the young and aging data sets (Supplementary Tab. S1). A post-manual curation was performed to eliminate unknown/hypothetical and uncharacterized genes and we obtained a final list of 185 characterized genes that included 33 gene-encoded enzymatic proteins and 13 transcription factors involved in the aging process. Based on the fold change cut-off, we identified a total of 122 genes that were up-regulated and 63 genes were down-regulated. Out of 122 genes upregulated, 20 were encoded enzymes whereas out of those 63 genes down-regulated, 14 included enzymatic proteins (Supplementary Tab. S2). The most enriched EC numbers in the aging process were those of kinases like mitogenactivated protein kinase kinase kinase 3 (MAP3K3), G protein-coupled receptor kinase 6 (GRK6), and nima (never in mitosis gene a)-related kinase 2, NIMA2 (NEK2), ATPases like RuvB-like 2 (Escherichia coli) (RUVBL2), and ligases like E3 ubiquitin-protein ligase ZNRF1 (ZNRF1) and myosin regulatory light chain interacting protein (MYLIP).
Protein-protein interaction (PPI) network reconstruction
A theoretical interactome analysis was performed to add the experimentally suggestive interactions among the 185 identified proteins using BisoGenet version 1.41. This plugin employs its own SysBiomics DB along with integration of other information from several other public databases like UniProt, Ensembl, Kyoto Encyclopedia of Genes and Genomes (KEGG), and etc. The connections between proteins represented experimentally verified PPIs among 75 out of the 185 proteins identified in this study. This current network shows 185 nodes with 83 edges. The proteins that did not interact in this network did not have experimentally proven direct interaction, and hence, we extended the network by adding a neighboring node up to one distance of an individual protein.
Network extension of gene-encoded proteins
We expanded the network by including all 185 identified proteins as bait which resulted in a network of 2127 nodes and 3305 edges. Similarly, the expansion of the network by including all identified non-enzymatic 152 proteins as bait resulted in a network of 1730 nodes and 2419 edges. The presented views of the networks obtained from the extended network indicate the top 10 bait proteins identified as showing the most interactions (Fig. 3 , Supplementary Tab. S10). We found that out of 152 proteins, 137 proteins interacted at least one with another interacting protein. The interaction range of these proteins ranged from 1 to 193. Out of these 137 proteins, the top most interacting molecules are signal transducer and activator of transcription 3 (STAT3), serine/arginine repetitive matrix protein 2 (SRRM2), B-cell lymphoma 6 protein (BCL6), heat shock protein beta-1 (HSPB1), heat shock protein 27 (Hsp27), src substrate cortactin (CTTN), first apoptosis signal receptor (FasR), progesterone receptor (PGR), zinc-finger protein 24 (ZNF24), and caspase-8 (CASP8) and Fas-associated protein with death domain (FADD)-like apoptosis regulator (CFLAR). Most of these proteins were of nuclear origin and included few nuclear transcription factors like STAT3, BCL6, and ZNF24.
The maximum number of interacting partners of our top 10 gene-encoded proteins ranged from 55 to 193 . Surprisingly, all these 10 proteins are up-regulated and most of them are nuclear-located. From this list we obtained three transcription factors involved in the aging process that showed maximum interactions. These Using a similar approach used for enzyme-coding genes, we performed theoretical interactome for all 33 genes and extended the network to include more interacting elements (Supplementary Tab. S11). We were able to find 10 principal interacting enzymes (Tab. 1) out of which MAP3K3, transglutaminase 2 (TGM2), and FK506 binding protein 5 (FKBP5) were up-regulated and RUVBL2, histone deacytelase 9 (HDAC9), NEK2, OTU deubiquitinase, ubiquitin aldehyde binding 2 (OTUB2), GRK6, ZNRF1, and MYLIP were down-regulated during aging (Supplementary Tab. S11).
Protein-level annotations and GO function analysis
Functional analysis of the protein super families of enzymatic and non-enzymatic proteins (E-value cutoff of 0.01) was obtained using the NCBI CDD search tool [44] after grouping them as either enzymatic or non-enzymatic (Supplementary Tab. S12). Results indicate that the enriched domains mostly belonged to cl00043, smart00032, cd00033, and pfam00084 (all the domains are a member of complement control protein (CCP) modules that contain approximately 60 amino acid residues and have been identified in several proteins of the complement system) (Supplementary Tab. S13). For the non-enzymatic proteins, the enriched conserved domains belonged to pfam13855 (a member of Leucine rich repeat superfamily), cl19539 and pfam13465 (are member of Zinc-finger double domain superfamily), TIGR02169 and COG1196 (are members of structural maintenance of chromosomes) superfamily proteins have ATP-binding domains at the N-and C-termini, and two extended coiled-coil domains separated by a hinge in the middle) (Supplementary Tab. S14).
The DAVID functional annotation clustering tool grouped genes based on their associated GO annotations. Functional analysis of the 33 differentially expressed enzymatic genes associated with aging enrichment generated nine clusters using the default parameters (Tab. 2). Among those clusters, the most over-represented functions were associated with ATP binding (enrichment score of 2.66), and other immune-related BPs (Supplementary Tab. S15). Functional analysis of the 152 differentially expressed non-enzymatic genes associated with aging generated a total of 60 clusters (Supplementary Tab. S16). Among these clusters, the most over-represented GO terms were associated with immune response (GO: 0006955) (enrichment score of 6.79) (Fig. 4B) .
Functional analysis of the 185 differentially expressed genes using DAVID analysis generated 75 clusters (Fig. 4A ) of which the most over-represented GO terms are associated with mostly immune related BPs having enrichment score of 5.0 (Supplementary Tab. S5). The Toppgene functionality allowed enrichment of a given gene list based on ontologies, pathways, phenotypes, drug-gene associations, and indicated that out of the 152 genes, the most BPs from the GO analysis were clustered into (Supplementary Tab. S17): (a) defense response for Fc fragment of IgE receptor Ig (FCER1G), serpin family A member 3 (SERPINA3), beta-2-microglobulin (B2M), defensing beta 119 (DEFB119), lymphocyte antigen 96 (LY96), prostaglandin E receptor 3 (PTGER3), interleukin 6 signal transducer (IL6ST), toll like receptor 
Enrichment analysis of metabolic pathways
The enrichment analysis of metabolic pathways was performed using DAVID to conduct KEGG pathway analysis of the 185 genes in the PPI network and to choose metabolic pathways with p < 0.05 (Supplementary Tab. S7). Results indicated that the gene-encoded proteins are involved in complement and coagulation cascades for proteins such as complement component 3 (C3), complement c1q b chain (C1QB), C1S, complement c3a receptor 1(C3AR1), CFI, CFB, von Willebrand factor (VWF) (KEGG Pathway ID: hsa04610), and Toll-like receptor (TLR) signaling pathways (CD14, TLR4, TLR5, cluster of differentiation 86 (CD86), LY96) (KEGG Pathway ID: hsa04620) Table 2 . Salmonella infection, regulation of actin cytoskeleton, tuberculosis, and Toll-like receptor signaling pathways were the top candidates in aging-related gene network analysis (Supplementary Tab. S9).
Discussion
Clustering of diverse aging related pathways
Aging is a complex process that is associated with cumulative changes in plethora of genes, and thus it is important to identify these interrelated pathways of aging. Bioinformatic analysis of a set of age-regulated genes can reveal a lot of interesting insights into the aging process [45] . DAVID analysis of 185 genes involved in aging generated 75 clusters, of which the most overrepresented GO terms were associated with extracellular region proteins ribonuclease RNase A family (RNASE4), AZGP1, SERPINA3, ribonuclease RNase A family k6 (RNASE6), CFI and immune related BPs consistent with aging [46] . The topmost interacting proteins like BCL6, CTTN, FSL, PGR, and ZNF24 are known to be involved in the aging process. For instance, the BCL6 gene is involved in the aging process as it negatively regulates senescence by conferring resistance to the protein 19 (p19) alternate reading frame (p19ARF)-protein 53 (p53) antiproliferative pathway [47] . Transcription factors like ZNF24 represses vascular endothelial growth factor (VEGF) transcription and acts as a negative regulator of tumor growth by inhibiting angiogenesis; similarly, it has been found to be involved in the aging process as angiogenesis in healthy older mice and is slower than in young mice [48] . It has also been found that PGR expression increases in aging rats [49] .
Additionally, we observed 47 cytoskeletal proteins involved in the aging process (Supplementary Tab. S1). Cytoskeletal molecules such as HSPB1 and actin form a complex. Further, HSPB1 plays a role in cell motility and is important for cytoskeletal alteration during aging. Furthermore, CTTN plays an important role in clustering of intercellular adhesion molecule 1 (ICAM1) and F-actin during polymorphonuclear cell transmigration [50] . As alterations in the actin cytoskeletal network occur in cells of aging eukaryotic individuals, we suggest that our gene of interest HSPB1 and CTTN play a role in aging process, as corroborated elsewhere [51] . Expression of Fas, FasR, and Fas ligand (FasL) are higher in the spleen of older animals and plays an important role in lipopolysaccharide-induced accelerated apoptosis and hyper-inflammation in older rats. Overexpression of murine CFLAR in undifferentiated muscle cells interferes with homeostasis in skeletal muscle and may play a role in skeletal muscle premature aging [52, 53] . Similarly, increased expression of c-Flip affects satellite cell proliferation and induces skeletal muscle aging. FKBP5 expression is up-regulated and this is consistent with the age-dependent increase in FK506 binding protein 51 (FKBP51) expressions that was previously reported in mice [54] . We conclude that cytoskeletal proteins have an important role in aging process in human.
Molecular tools based on mitochondrial mutation for age estimation are often used to monitor the progression of aging. In old age, mitochondrial mutation is very large and is the cause for decline in cellular cyclooxygenase (COX) activity with progression of aging. Ca 2+ -stimulated adenylyl cyclase (ADCY) activity continues to decrease through advanced aging [55] , which is consistent with the decrease in adenylate cyclase type 7 (ADCY7) in our result. Moreover, at the DNA level, accumulation of the 4977 bp deletion of mitochondrial DNA and the shortening of telomeres occurs. This is in agreement with the decreased gene expression of telomere maintenance 2 (TELO2) gene in our results. TELO2 is active as an Sphase checkpoint in the cell cycle and involved in telomere maintenance and sub telomeric gene expression. RUVBL2 regulates telomerase activity. In addition, telomerase reverses the aging process in mice, so RUVBL2 might be involved in the aging process by a DNA damage response pathway [56] . One highly interacting molecule, TGM2 (Tab. 1) is directly involved in the anti-apoptotic pathway [57] . Histone deacetylases (HDACs) affect histone acetylation and methylation and affect mRNA expression of pluripotent and proliferative genes of umbilical cord mesenchymal stem cells. Interestingly, we observed a deacetylase HDAC9 involved in the aging process, thus corroborating its possible involvement in aging. Mitogenactivated protein kinase 3 (MAPK3), a member of the MAPK family is involved in programmed cell death [58] , and this is not just in plants. Even hypoxia and hyperglycemia are associated with MAPK3 signaling [59, 60] . MAPK3 acts through augmented matrix metalloproteinase (MMP) expression on Neuregulin (NRG) and increases collagenase 3 expression by controlling myotubularin-related protein 5 (SBF1) related transcription factor [61] . Abnormal ROS levels can result in MAPK/ PI3K signaling together with STAT3 activation Snail phosphorylation with E-Cadherin suppression and a loss of cell polarity and by this influencing apoptosis directly [62] . In terms of MAPK there are also the direct association with inflammation and cancer, e.g. via CXRC4/CXCR2, MAPK/PI3K signaling [63] . RuvB-like 2 (E. coli) is ubiquitous [64] modulating regulation of transcription via beta-catenin/TCF-LEF complex [65] and ATF2 [66] . Histone deacetylase 9 (HDAC9) is important for transcription and cell proliferation [67] .
The immunopathological basis of aging
Another important category of aging during old age results from infections, inflammation, and degeneration of cellular and metabolic pathways. As humans grow older and begin to physiologically decline, an increased opportunity for pathogenic invasion occurs. In older individuals, altered production of cytokines and chemokines are age-related changes in the innate immunity process that are also important for pathogen resistance [68] . Human aging is generally accompanied by elevated systemic inflammatory conditions, a known biomarker of mortality rate in the elderly. Innate immune recognition by pathogens requires pattern recognition receptors (PRRs) that recognize conserved molecular structures of microbial origin and one of these categories is TLRs [69] . Attachment of TLRs on neutrophils stimulates phagocytosis of pathogens and release of antimicrobial peptides and chemokines. It recruits and activates other immune cells at the site of infection. Although the elderly preserve the number and phagocytic capacity of neutrophils, other functional characteristics of these cells are altered during aging. For example, receptor-driven functions such as superoxide anion production, chemotaxis, and apoptosis are reduced. Alterations in the membrane lipid rafts of neutrophils and decrease in signaling by specific receptors are involved in the defective function of neutrophils with advancing age [70] , which is in agreement with altered expression of our TLRs such as TLR4, TLR5, cluster of differentiation 14 (CD14), and lymphocyte antigen 96 (LY96, MD2) of TLR pathway.
Most of the pathogenic pathways like the S. aureus infection, systemic lupus erythematosus, pertussis, and Salmonella infection and other regulatory pathways, complement and coagulation pathways were all found to be activated during aging. In fact, the S. aureus complement inhibitory protein Efb inhibits the complement activation pathway by blocking deposition of C3, whose expression increased in our study; thus, it is in agreement with complement and coagulation cascades [71] . Furthermore, in protein domain analysis we found CFB protein to be up-regulated in aging, which is known to occur in mice. Similarly, in agreement with previous findings elsewhere, we noticed increased expression of C1S during aging [72] .
Older individuals have less effective immunity due to challenges of infectious pathogens than in younger people because of complex changes collectively termed as immunosenescence. The instances of repeated reactivation of infectious diseases as well as the possible increased susceptibility to autoimmune diseases, and cancers in older individuals more so than in younger individuals have been associated in various species including human beings [73] . Regulatory molecules such as the up regulation of CD14, CD86, and cluster of differentiation 74 (CD74, human leukocyte antigen (HLA) class II histocompatibility antigen gamma chain) suggest a role in activation of microglia and pro-inflammatory cytokine secretion [74] . CD14 inhibits signaling involved in reduction of nitric oxide and proinflammatory cytokine production and increases anti-inflammatory signals. In addition, we found several pro-inflammatory cytokines like glycoprotein 130 (gp130), interleukin 13 receptor, alpha 1 (IL13RA1), and interferon regulatory protein factor 2 (IRF2) that are up-regulated during aging [75] . Aging-associated changes in functions of neutrophils, macrophages, and dendritic cells are altered during aging [76] . The reduction of pathogen activity and lowering of antigen presentation capacity in aging is consistent with our observation of activated pathways of the S. aureus infection, systemic lupus erythematosus, Pertussis, Salmonella infection, tuberculosis, Legionellosis, and Leishmaniasis. Decreased endocytosis, antigen presentation, signal transduction, and cytokine production are associate with changes in plasmacytoid dendritic cells and myeloid dendritic cells in the aging process. Inflammatory responses caused by infection and pathogenic invasion in old age have been established by several investigations, which are in agreement with our pathways findings i.e., the S. aureus infection, systemic lupus erythematosus, Pertussis, Salmonella infection tuberculosis, Legionellosis, and Leishmaniasis which are possibly activated during the aging process.
There are several limitations associated with this study. Firstly, we do not have enough power in the analysis given the limited number of datasets available for such analysis, esp. where sex of the samples analyzed could not be established. Secondly, instead of a categorical data analysis approach, a multi-regression (continuous) analysis would have been far more informative. Thirdly, we relied on the tools already available and are open source, whereas one could develop newer tools or perform analysis using other commercially available tool sets. Lastly, although we found interesting insights using microarray data analysis approach alone, intensive integrative analysis using epigenomics, proteomics, and metabolomics datasets for similar categorical data would be far more informative and useful.
Our findings suggest that human aging is highly correlated with several disease-related pathways, thus demonstrating an immunopathological basis for it. Moreover, most of the gene-encoded proteins are nuclear-located AHNAK nucleoprotein (AHNAK), BCL6, PGR, BMP2K and are mostly up-regulated. Furthermore, the integrative approach employed using publicly available microarray gene expression data sets and tools such as Limma and Aroma provided potential applications of these tools in data-mining for the unraveling of critical BPs in humans. This study provides a framework for an improved understanding of the dynamics of human aging with insights from immune regulation, and cytoskeletal architecture, and opens a new avenue towards the identification of molecular targets of aging in the near future. 
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